Biological interaction networks are robust to perturbation 1, 2, 3, 4, 5 because of several features, including power-law network topology, redundancy, modularity, and their dynamic properties 2, 6, 7, 8, 9, 10, 11, 12, 13, 14, 15, 16, 17 . Although modularity is a common feature of interaction networks 12, 18, 19, 20, 21, 22 , the contribution of modularity to genetic robustness is difficult to determine. Recent studies have revealed dynamic interaction among apparently unrelated gene modules in response to genotoxic stress, suggesting the existence of highly reconfigurable networks of gene and protein modules as well as of unexpectedly plastic macromolecular complexes 19 . Rewiring of signaling and/or metabolic networks have been observed in cancer cells that evolved chemotherapy resistance 23, 24 . It has been speculated that genetic and epigenetic changes could accomplish network rewiring 25, 26 . Complex genomic changes reminiscent of functional rewiring are associated with rapid evolutionary adaptation in response to mutation in an essential gene 27 .
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The suppression of essential gene mutations has been classically employed to investigate gene function, and suppressors provide clues to mechanisms of evolution 28 .
More recently, genome wide dosage suppressor discovery has contributed novel insights into biological processes 29, 30 . By seeking dosage suppressors of 53 mutant genes, mostly encoding cell cycle/DNA replication related genes or RNA polymerase/RNA modification related genes, we have uncovered 660 pairs of "dosage-suppressor" interactions, which supplement 1,626 dosage-suppressor pairs reported previously in the literature 31 and 254 interactions that were discovered in a recent high throughput experiment 29 . The set of interaction pairs discovered in this study overlaps significantly with known protein-protein and genetic interaction pairs, suggesting related molecular mechanisms that connect the suppressed mutant gene product with the suppressor gene's product. The mutant-suppressor pairs tend to belong to the same protein-protein interaction modules as determined by several independent criteria. We confirm all previously noted mechanisms of suppression 29 , including stabilization of heat sensitive macromolecular complexes by over-producing a physically interacting protein partner (Fig. 1a) , stabilization of unfolded heat sensitive proteins by chaperones, and modulation of expression of other genes participating in the same biological process as affected by the mutant gene. Here we present evidence of at least one additional mechanism of network robustness, namely, the existence of degenerate pathways. The utility of dosagesuppression network is illustrated by the serendipitous discovery of a novel connection between chromosome cohesion-condensation pathways and the toxic effects of the Huntington's disease protein.
Results

A genome-wide screen for dosage suppressors
We transformed 108 isogenic yeast strains each containing a temperature sensitive (ts) point mutation (85 mutants) or a ts deletion mutation (23 mutants) 32 with pools of the entire MORF (Movable Open Reading Frame) library plasmids (Materials and Methods, Supplementary Table S1 ). The use of this library permits interrogating every conditional mutant with virtually every yeast ORF, under conditions where each ORF is expressed in the presence of galactose or glucose (Fig. 1b-d) . We transformed each mutant strain with high copy 2μ based plasmids expressing open reading frames (ORFs) under pGAL promoter control 33 , selected transformants at the permissive temperature (25 0 C), then tested for the ability of the recombinant plasmids to rescue growth defect above the specific restrictive temperature for the corresponding mutant strain (see Methods). Each candidate suppressor ORF was individually confirmed by multiple retransformation experiments, and a subset by sequencing. In this manner we obtained 660 confirmed dosage suppressor interactions for 53 of the 108 ts mutants we tested (Fig. 1c, Supplementary Table S2), involving 517 suppressor genes, all of which were individually confirmed through retransformation and repeats of the assays, with all suppressors of a third of the mutant strains collection having been independently confirmed twice at two different sites (Rochester and KGI). 642 out of 660 interactions are novel; 18 were reported earlier. We did not detect 147 interactions previously reported in the literature corresponding to the 53 query mutants (Supplementary Table S3 . We directly tested 57 of these previously reported suppressor interactions (corresponding to seven query mutant genes), chosen arbitrarily from among the 147 interactions that we did not discover, and were able to confirm by our methods only 15/57 interactions (Supplementary Table S4 ).
These observations suggest that strain background and allele differences, copy number of the plasmids used for suppression, and/or the levels of galactose-induced gene expression obtainable by these various methods are sufficiently different such that a direct comparison is not possible. Therefore each case of validated suppression should be considered as a suppression event that is true under at least one set of conditions.
General properties of the dosage-suppressor network
The dosage suppressor network discovered here (dataset DS-A), containing 53 ts mutants and 517 suppressor genes, exhibits a large connected component (560 nodes, 656 genes with similar evolutionary age (Table 1) , again suggesting functionally different mechanisms than stabilization by PPI, for which the interacting protein pairs tend to possess correlated gene expression patterns 38 and similar evolutionary ages 39 . A statistically significant overlap with PPI network implies that the mutant-suppressor pairs may belong to the same protein modules or complexes (below, we explicitly examine this question). However, the relatively small, though statistically significant, overlap of DS-A with the PPI network implies that DS-A is qualitatively different from DS-B or DS-C.
Since a common mechanism of dosage suppression in the previously described suppressor networks was rescue of protein function through protein-protein contact 29 , the present results open the possibility that a significant proportion of dosage suppressors discovered in this work might suppress through other mechanisms.
Modular organization in dosage-suppressor network
Biological networks have underlying modular sub-structures that reflect functional organization and evolutionary origins of gene products 38, 40 . Because there is no unambiguous definition of a module within protein networks, we here examine three concepts of modularity that are intrinsically different. First, we examined protein complexes that are manually curated clusters obtained from physical protein-protein interaction data 41 (See Methods for the integrated PPI dataset), and determined the overlap of the 660 mutant-suppressor pairs with these complexes 31, 41 . The products of 54 pairs of the 660 dosage-suppressor pairs were found within the same protein interaction complexes (binomial P < 10 -15 the same protein complexes (binomial P < 10 -15 ). Second, modules were obtained by computationally optimizing a modularity measure on the PPI network 42 , and similar associations were observed within the computationally predicted PPI clusters (Table 1) .
Third, we identified modules dynamically, by sequentially removing genes from a curated PPI network constructed from the dosage suppressor pairs (see Methods), starting with the highest BC gene, and re-computing the BC of nodes in each resulting network, leading to a measure of modularity 43 . Gene pairs that predominantly lie within modules should remain connected in the PPI network longer than the average pair, while gene pairs that straddle modules should separate earlier. Throughout this iterative process the mutant-suppressor pairs in DS-A were more likely to be found within module boundaries (Wilcoxon rank-sum P=2. 26 × 10 -14 ; Supplementary Fig. S4 ) than were the randomly chosen protein pairs, even more so than the pairs in DS-C ). That the mutant-suppressor pairs lie preferentially within module boundaries is consistent with the observed distribution of mutant-suppressor distances within the PPI network (number of edges along the shortest path in the PPI network connecting the mutant to the suppressor; see inset in Supplementary Fig. S4 ).
To determine the identity of the complexes within which the mutant-suppressor pairs co-occur, we culled from BioGRID database 4,632 direct PPIs, and used Netcarto module clustering algorithm 42 to generate 41 modules (Supplementary Table S7 ). We queried each mutant-suppressor pair discovered in DS-A for their co-occurrence in these 41 modules, and found eight such modules containing five clusters and three singletons ( Fig. 3a-e) . In one module (Fig. 3a) , mutations in cell cycle control genes cdc28 (a CDK), cdc20 and cdc16 (both anaphase promoting complex protein genes), and cdc37 (encodes an HSP90 co-chaperone), are suppressed by several genes including a ribosomal protein gene MRPL50, and MPD1 that encodes an endoplasmic reticulum chaperone interacting protein, underscoring the importance of molecular chaperones and ribosomal proteins in facilitating the suppression of point mutant alleles. In a second module (Fig. 3b) , mutations in cdc9 (DNA ligase), tfb3 (transcription coupled DNA repair), and pob3
(encodes a member of the FACT complex for nucleosome reorganization) are in the same module with several suppressors including ADE2 (purine biosynthesis), PSY3 (DNA repair-recombination), and SSL2 (DNA repair helicase). While it is surprising that an adenine biosynthesis gene ADE2 is a suppressor of cdc9, Ade2p has predicted proteinprotein interactions with Cdc9p, Pob3p, Tfb3p, and Ssl2p, suggesting that the suppression of cdc9 by ADE2 likely has a biological basis through the DNA repairrecombination pathway. When this module is expanded by querying the yeast integrated genetic and physical interaction network 44 with members of this module, the network output provides further indirect evidence for linking the purine biosynthesis related genes to DNA repair-recombination ( Supplementary Fig. S3 ). These results demonstrate the utility of using modules instructed by the dosage-suppressor network for novel genefunction discovery.
Functional similarity within mutant-suppressor pairs
Dosage suppressor genes and their corresponding suppressed mutant genes are functionally related. 120 out of 660 mutant-suppressor pairs in DS-A shared the same gold standard gene ontology (GO) 45 terms (binomial P <10 Table S8 ). The mutant-suppressor pairs have similar GO molecular functions (P = 6.02 x 10 -4 for the 660 pairs in DS-A, and P < 10 -15 for DS-ABC) and similar GO biological process (Wilcoxon rank-sum P = 1.88 x 10 -12 for DS-A, and P < -15 for DS-ABC).
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To test whether the dosage-suppressor pairs are enriched for other types of genetic interactions, we intersected these pairs with known genetic interaction pairs reported in the literature 46 , and found significant enrichment (P = 5.34 x 10 
Co-suppressors are functionally diverse
We analyzed whether co-suppressors (suppressors of the same ts mutant) are functionally related to each other. First, suppressors in DS-A are not significantly enriched (Fisher's exact P = 0.65) for paralogs: only 93 out of 517 genes in the suppressor network have at least one known paralog, as determined by the curated list of "ohnologs" (paralogs descended from whole genome duplication events) 47 . Among the 93 paralogs, we found 20 paralogous partners within mutant-suppressor sets ( ( Supplementary Fig. S5A ). As a comparison, the functional congruence between a tsmutant and its suppressors is also lower for DS-C network than that for DS-B (BioGrid),
whereas that of DS-B is comparable to that in the curated PPI network ( Supplementary   Fig. S5A ). These observations suggest that DS-A and DS-C reveal suppressors that are qualitatively different from those revealed by the focused methods used by earlier workers, which predominate in DS-B. Moreover, the functional congruence among cosuppressors of the same mutant in DS-A is comparable with the congruence between proteins that share a physical edge in the curated PPI network ( Supplementary Fig. S5B ).
However, the co-suppressors of the same mutant for DS-A are considerably more diverse than those in DS-B or DS-C ( Supplementary Fig. S5B ), once again demonstrating a distinct collection of dosage-suppressors discovered here. We schematically illustrate this diversity in Supplementary Fig. S6 .
Plasticity and robustness of RNA polymerase II complex
To test how often genes whose products are known to function within the same macromolecular complex can suppress mutations that affect products within the same or Table S2 ).
The most striking example involves taf14−Δ (Fig. 4b) 
Suppressors of a chromosome condensation defect illustrate molecular rewiring
The genome wide suppressor dataset allowed us to explore suppression mechanisms quite different from that of the RNA Polymerase II findings discussed above: we provide examples wherein increased expression of genes allowed the bypass of an essential gene function by engaging alternate genetic pathways. Results described below show that the suppression of smc2 mutation by at least two different suppressor genes appear to proceed through this general mechanism, including the engaging of proteins important for or control of meiosis to an otherwise mitotic cellular division cycle.
Smc2p is a DNA-binding subunit of the Smc2p/Smc4p condensin complex 55, 56, 57 required for sister chromatid (SC) alignment, separation, and inhibiting SC recombination during mitosis 55, 58 . We identified four strong dosage suppressors of smc2: UME1, MEK1, HTA2, and SNU66 (Fig. 5a ). Strikingly, the first two are known to play mutually opposing functional roles 59, 60, 61 -UME1 is a mitotically expressed gene required for the repression of a subset of meiotic genes, including those important for meiotic homologous recombination, and MEK1 is a meiosis specific protein kinase that promotes meiotic homologous recombination by suppressing sister chromatid (SC) recombination.
To provide more insights into the mechanisms of suppression, we analyzed the time , which we have found also to be a suppressor of smc2.
These results support the idea that at least one mechanism of suppression of smc2 is through mitotic expression of meiotic recombination genes, which are expected to prevent the formation of or to promote the resolution of sister-chromatid junctions that occur at high frequency in smc2 mitosis.
A link between chromosome condensation-cohesion pathways and Huntington's disease
A query of combined PPI and genetic interaction databases with six genes-smc2
and its five suppressors UME1, BNA5, SCC4, SMC1, and SMC3-generated an interaction network of 26 genes (including SCC2) containing three functional modules We noticed that SCC2 encodes a member of the HEAT repeat proteins, which include Huntingtin (Htt)-a protein with expanded poly-glutamine residues in the N-terminal region that polymerizes to an insoluble aggregate (plaque) in certain brain cells of Huntington's disease patients 64 . Moreover, BNA5 is a suppressor that linked two functional modules (Fig. 6a) . A previous study 65 had identified 28 deletion mutations that suppressed Htt toxicity in yeast, which included ume1Δ and bna4Δ, both of which have mammalian homologs. The transcriptional repressor Ume1p requires for its activity Htt toxicity was related also to the function of BNA4 and BNA5
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. The latter two genes encode two successive enzymes in the NAD biosynthetic pathway from kynurenine, and the BNA4 product is a target for therapy against Huntington's disease 67, 68, 69 . These results are consistent with the hypothesis that Htt toxicity is related to the chromosome condensation-cohesion processes, and might be influenced by homologous recombination pathways. We tested one prediction of this hypothesis by attempting to suppress Htt toxicity by SMC2, suppressors of smc2-8, and cohesin/condensin genes ( ). Suppressor interactions that connect BNA4/5 to UME1, SCC2, and SMC2, point to a possible mode of action of the mutant Huntingtin protein involving the chromosome condensation/cohesion process. As a test of this hypothesis, we examined the ability of a set of suppressors of smc2-8 mutation (including SMC2) to also suppress 103Q toxicity, and discovered that several cohesin/condensin genes, and a few homologous recombination genes including MND1, are able to do so. Interference by Htt of the normal sister-chromatid cohesion process could potentially increase somatic recombination at CAG repeats, and thus might underlie the observed variable penetrance of high poly-glutamine expansion alleles on disease onset age in humans 76, 77 . Consistent with this speculation, a recent report has linked a network of ploidy control genes in yeast to Htt toxicity 78 .
An unresolved question remains as to the extent of genetic robustness that is hardwired in the genome, which was first brought to the fore by the investigation of mutational effects on the lysis-lysogny decision circuit of bacteriophage lambda . While aneuploidy was a recurrent theme observed in that work, it was also estimated that the number of available genetic solutions to a lethal perturbation might be limited. Gene redundancy 80 , and promiscuity of gene function 30, 81 both contribute to genetic robustness. While the core set of essential genes might impede evolvability 82 , modular rewiring may in principle overcome this barrier 83 . Our finding that nearly six times as many genes can suppress 53 deleterious mutations indicates a high degree of robustness built into the genome, and illustrates potential pathways for rewiring of the genome. It is conceivable that a deleterious mutation in an essential gene, leading to growth arrest, is followed by genomic changes that are often observed in stationary phase cells 27, 84, 85, 86, 87 ; these changes could in principle activate suppressor pathways to restore viability and provide adaptation.
The network of dosage suppressors of essential gene mutants is analogous to the network of genes that could potentially bypass, if aberrantly expressed, a drug target gene function (e.g., of a cancer-essential gene) for tumor cell survival. Such a network for a cancer cell is the equivalent of potential pathways for developing resistance to cancer chemotherapy, or, analogously, for evolving independence from the checkpoints that ensure non-proliferative growth, which evidently occurs frequently during the development of cancers.
Materials and methods
MORF plasmids
The movable open reading frame (MORF) library The transformants from 16 plates were pooled and selected at the restrictive temperature for that particular ts allele on complete and synthetic media containing either 2% glucose (repression) or 2% galactose (induction) (see Supplementary Table S1 ) for a list of restrictive temperatures corresponding to the ts alleles). leu2-3,112trp1-1,ura3-1,ade2-1 ). The strength of suppression for each suppressor was normalized to the growth of the diluted spots against that of the corresponding vector control (BG1776) strain on the same plate on adjacent rows (Supplementary Table S2 ).
Suppressor identification and confirmation
Protein detection
Cultures were grown in repressing and inducing media, and whole cell extracts were prepared by the bead beating method in yeast lysis buffer (25 mM Hepes-NaOH pH 7.5, 10 mM NaCl, 1 mM EDTA, 0.1% Triton X-100) containing EDTA-free complete protease inhibitor tablet (Roche). Proteins were detected by Western Blotting, probed by anti-HA antibodies (Covance) using standard methods.
Liquid growth assay Growth curves in liquid media along with maximal growth rates were determined using a Bioscreen C Automated Growth Curves Analysis System (Growth Curves USA). The suppressed strains were grown in 200 μl of S-URA with 1% raffinose and 2% galactose at various temperatures in 96-well plates. The optical density (OD) was measured at 600 nm every 30 minutes for 48 hours of growth.
RNA methods
Strains were grown in 5 mL S-URA media containing 2% raffinose for 24 hours at 28°C. Samples were diluted to OD 0.02 in 150 mL S-URA media containing 2% raffinose and 2% galactose, and then grown overnight at 25°C with agitation. At OD 0.1, cultures were shifted to 34.5°C with continuous agitation, and samples were harvested at 0, 45, 90 and 180 min by centrifugation. Total RNA was isolated using a hot phenol method S8 ).
Microarray Data Analysis
The Affymetrix array data were processed using the Robust Multi-array Analysis (RMA) as described previously treatment we produced one intensity measurement for each probe. These numbers were used to find ratios of fold change from one time point to the next. For each chip, a background noise intensity measure was formed using the average intensity of the SPACER probes which act as a set of negative controls for the chip -if for a particular probe, the intensity level at time points t 1 and t 2 was below the background noise level at t 1 and t 2 , then we assumed the probe was expressing at background noise level and the fold change was set to 1. We clustered genes that were significantly differentially expressed in at least one time point. 
Quantitative RT-PCR
Datasets
The full Dosage Suppressor (DS) dataset (DS-ABC, see text), consisting of data reported here combined with other available data, was culled from the following sources:
Magtanong et al. 29 , the latest BioGRID version 3. 93 .
This dataset was used to analyze whether DS pairs were likely to belong to the same age group. Both the DS datasets were tested for significant overlap with computationally predicted modules. For this, 41 Yeast
Louvain modules were identified in the Yeast direct PPI network by using the NetCarto algorithm 42 . In addition, Markovian clusters were identified using the MCL-MLR clustering method 94 at an inflation value of 2.4.
Paralog identification
The list of paralogs (554 gene pairs) was described before 47 , and includes 457 pairs previously found 95 . Of the 1,108 paralogous genes, 1,001
were represented in the MORF library. To test for significant enrichment of paralogs, we performed a Fisher's exact test using the 5,829 testable ORFs as the baseline.
Network properties Betweenness centrality (BC) (fraction of shortest paths through a node) was , where is the ratio of the number of shortest paths between a pair of nodes in the network that pass through node i. BC was scaled as
, where n is the number of nodes in the network 96 . Clustering coefficient (ratio of the actual number of degrees of a node to the possible degrees given a node's neighbors), and shortest path between pairs were computed using the MATLAB Boost Graph Library toolset. Table S7 ). Node color: purple, mutant genes; all remaining nodes are suppressors, arbitrarily colored according to their functional annotations. Edge colors:
Functional congruence assessment
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